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Abstract
The fractal geometry of bodies’ represents genuine bar codes of the fractal type which, once deciphered, offer 
stable and trustworthy information on the status and characteristics of the respective bodies. Bark Fractal Tree 
Age (BFTA) Method presents a non-destructive alternative for the evaluation of the age of trees based on the fractal 
characteristics of the geometry of trunk bark. Fractal analysis was performed for the trunk bark of plums, set in 
age categories between 10 and 50 years.  Negative correlation was identiϐied between the fractal dimensions (D) of 
trunk bark geometry and the age of trees, with statistical certainty (R2 = - 0.856; p<0.01). The variation coefϐicient 
(CV) indicated variable dynamics of fractal dimensions in relation to the age of trees, with high values in the case 
of young trees (CV = 0.256 to 0.502 for age groups between 10 and 20 years) and lower values for old trees (CV = 
0.165 to 0.210 for age groups from 40 to 50 years). The BFTA Method was used for obtaining a prediction model 
for the age of trees based on fractal dimensions, with high statistical certainty (p<0.01; R2 = 0.738 for the age group 
from 10 to 40 years, RMSE = 0.882 to 7.046 and R2 = 0.971 for a shorter interval, namely 20 to 40 years, RMSE = 
0.387 to 1.636). Fractal analysis is a tool for developing non-destructive methods for analyzing the dynamics of 
trunk geometry and ages of trees.
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INTRODUCTION
Fractal theory facilitates the qualitative and 
quantitative description of the irregularities 
inherent to the geometry of any phenomenon 
or object, giving the possibility of approaching 
complexity at various scales. Fractal analysis 
brings a qualitative and quantitative measure to 
structures that are limitlessly complex, making 
it easy to change the scale at which the analysis 
is made at. From this perspective, biological 
structures present fractal properties and can be 
considered as approximate fractals (Mandelbrot, 
1983).
Based on studies and research, Bour and 
Davy (1997) and Bour et al. (2002) considered 
that some structures do not imply self-similarity 
or fractality. Certain phenomena or geometric 
structures present fractal behavior in a limited 
interval scale, as compared to mathematical 
fractals (Mandelbrot, 1983; Thorarinsson and 
Magnusson, 1990; Turcotte, 1992; Cortini and 
Barton, 1994; Hein, 1999).
Due to the perspectives offered by fractal 
theory, the interest for using fractal analysis in 
various ϐields of research (architecture, biology, 
chemistry, physics, engineering, etc) has known 
major increase in recent years. Fractal analysis 
has the capacity to analyze irregular geometries 
or fragmented shapes of some big and complex 
structures which cannot be described with the 
help of traditional, Euclidian geometry.  A number 
of studies have used fractal analysis to study the 
different textures and shapes (Backes and Bruno, 
2010; Culbert et al., 2012; Xu et al., 2012; Backes and 
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The fractal analysis was made using the Box-
Couting method, as this is considered to be the 
most commonly used method for determining 
fractal dimension (D) (Liebovitch and Toth, 1989; 
Hou et al., 1990). Twelve partial samples were 
analyzed for each tree age group; thus, the total 
number of determinations was carried out 84. The 
accuracy of the fractal analysis was high (R2 for D 
= 0.998 - 0.999). Fractal spectra were determined 
with HarFA software, which was developed at 
the Institute of Physical and Applied Chemistry, 
Technical University of Brno in the Czech Republic 
(Buchníček et al., 2000; Nežádal et al., 2001; 
Zmeškal et al., 2001).
Based on the intermediary values of fractal 
dimensions (D) resulted from the analysis of 
partial samples, relation (1) the mean fractal 
values were calculated, relation (3).
(1)
where:  D – fractal dimension;
 m – slope to regression line, equation (2);
F – number of new part;
ε – scale applied to an object.
(2)
where: m – slope of the regression line;
S – log of scale or size;
C – log of count;
n – number of size;
(3)
Within the fractal analysis, for higher certainty 
of results, the Standard Error for regression line 
(SE) was calculated, relation (4).
(4)
where: S = log of scale or size;
C = log of count;
n = number of size;
Bruno, 2013; Florindo and Bruno, 2013; Gonçalves 
and Bruno, 2013; Zhao et al., 2013). Fractal analysis 
has also been used in the characterization of plant 
species based on measurable fractal properties as 
fractal dimensions (Bruno et al., 2008; Cope et al., 
2012; Du et al., 2013).
Together with leaves, ϐlowers and fruit, trunk 
bark is an element used in the characterization 
and identiϐication of trees. Some studies analyzed 
trunk bark in order to characterize and identify 
certain species with the help of imaging and fractal 
analysis (Huang et al., 2006; Fiel and Sablatnig, 
2011; Sulc and Matas, 2013). MacFarlane et 
al. (2014) used non-destructive methods for 
calibrating tree biomass equations derived from 
branching architecture based on fractal geometry. 
Othmani et al. (2014) used 3D technology in bark 
analysis for the identiϐication and classiϐication of 
tree species.
There is no mention in specialized literature of 
fractal analysis being used in the study of trunk bark 
in order to ϐind the ages of trees. Starting from general 
considerations on fractal properties of the biological 
world and the importance of bark geometry in tree 
characterization, the present research aimed at using 
bark fractal geometry analysis for characterizing 
plum trees of various ages.
MATERIALS AND METHODS
The aim of this study was to assess the fractal 
characteristics of trunk bark of plums and to 
correlate them with the ages of trees, in order to 
develop a method for analyzing and predicting 
the age of trees based on numerically quantiϐiable 
fractal properties, fractal dimension (D).
The biological material used was represented 
by Gras plum variety with relatively high ecological 
plasticity and good quality indexes. The trees 
were in a classic exploitation system, with no 
technological inϐluence on the morpho-anatomical 
structure of their trunk. The trunk area analyzed 
was 1 m above ground.
The pictures were taken with high-resolution 
digital camera: Nikon D800E, 36MP, lens Sigma 
35mm f1.4. The conditions for image capture were 
unitary, F-stop f/5, Exposer time 1/60s, ISO 250, 
focal length 35mm. High-resolution images were 
obtained, 24 bit depth of ϐield, jpg format. Equal 
areas (6000x1500 pixels) were extracted from 
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geometry. Through fractal analysis over the entire 
variation interval of the digital information (pixels 
ratio between 0 – 255), the fractal spectra were 
obtained for each age category under analysis, 
Figure 1.
On the binary images (Figure 1, b indices), Box-
Counting analysis allowed the fractal dimensions 
(D), presented in Table 1. For each fractal 
dimension, the correlation level was calculated for 
D (R2) and standard error (SE), Table 1.
Fractal dimensions (D) presented wide 
variation between 1.936±0.056 in the 10-year age 
group and 1.852±0.036 in the 40-year age group.
Based on ANOVA single factor statistical 
analysis, overall the experimental results 





, for Alfa = 0.001), Table 2.
While the bark of young trees is smooth, the 
bark of older trees becomes rough and exfoliated, 
bearing the name of rhytidome. The complex 
geometry of rhytidome (Whitmore, 1962), given 
by its structure, color and type of exfoliation, is 
different among tree species and varieties, and it 
constitutes a key to identiϐication (Chi et al., 2006).
b = y -intercept of the regression line;
m = slope of the regression line.
Correlation R2 for the regression line showed 
the relationship between the log of count and size, 
it being calculated with relation (5):
(5)
where: S = log of scale or size;
C = log of count;
n = number of size;
The statistical analysis of the experimental 
data was made with the statistic module of EXCEL 
in the Ofϐice 2007 package and in the statistical and 
mathematical module of PAST software (Hammer 
et al., 2001).
RESULTS AND DISCUSSIONS
The digital images were analyzed in view 
of evaluating the fractal properties of plum bark 
Tab. 1. Variation of the values of fractal dimensions (D) in relation to 
the age of trees in the case of plum, Gras variety












Tab. 2. ANOVA single factor statistical analysis for highlighting the source of variation and certainty of 
results
Source of Variation SS df MS F P-value F crit
Between Groups 0.081937 6 0.013656 502.6469 1.36E-59 4.223529


























Fig. 1. Images of the plum trunks under study: 10 – 50 age groups of plums; a –original images, b – binary 
images; fractal spectrum on age groups, to the right side of the image
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0.210), because of the stability of the geometrical 
structure of the rhytidome, which is a permanent 
morpho-anatomical structure of the trunk.
The relation between the fractal dimension 
(D) and the age of trees was described as a second 
degree polynomial function, equation (6), with 
high degree of statistical certainty (p<0.001; R2 
= - 0.856), for the conϐidence limit of 0.95. This 
behavior was recorded in the age interval from 10 
to 40 years old. In the case of the 50-year-old trees 
under study, the presence of lichens on the trunk 
determined changes in the geometric structure of 
the bark, which brought about deviations from this 
model. The particular distribution of the fractal 
dimensions in relation to the age of the trees is 
represented in Figure 2.   
(6)
where:  y = fractal dimension (D);







 – coefϐicients given by the 
experimental conditions.
Based on the correlation between fractal 
dimensions (D) and the age of trees, Bark Fractal 
Tree Age (BFTA) Method, Figure 3, was proposed 
to assess the age of trees based on the fractal 
properties of trunk bark.
Following the variable geometry of bark, 
fractal properties revealed and expressed this 
dynamics, with different values of the variation 
coefϐicient in different age groups under analysis. 
In the present study, the bark of 10-year-old 
trees was smoother, with high elasticity and with 
speciϐic formations. Changes in the aspect of the 
bark and in bark geometry of young trees make 
up a dynamic process, given by the increase in 
trunk diameter. Certain elements on the bark 
surface, speciϐic for the growth process and for the 
expansion of the trunk area, determined speciϐic 
fractal values.
On the bark of older trees (age group 25 to 
35 years old), certain ligniϐied neo-formations, 
rhytidome, with speciϐic and stable geometric 
structure. These elements generated variation in 
bark geometry, which in turn determined other 
fractal values, speciϐic for these age categories.
The fractal dimensions’ variation coefϐicient 
revealed the dynamics of the geometry of the 
morpho-anatomical structure of tree trunks in 
relation to age groups. The variation coefϐicient 
had a wider amplitude with young trees, group 
10 to 20 years old (CV = 0.256 – 0.502), which 
described the accelerated dynamics of changes in 
the geometric structure of the bark of young trees. 
In older trees (40 to 50 years old), the variation 
coefϐicient recorded was smaller (CV = 0.165 – 
Fig. 2. Particular distribution of the values of fractal dimensions (D) 
in relation to the age of  plum trees, Gras variety
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- ages of trees in the interval between 
20 and 40 years old;
x – fractal dimension (D).
In order to assess the prediction certainty 
and the accuracy degree of the BFTA Method, the 
individual values were calculated of the errors for 
the particular predicted cases. The values of the 
certainty parameter RMSE were also calculated, 
equation (9), the data being presented in Table 3.
(9)
In a larger interval of age groups, the model 
obtained gave lower certainty prediction, especially 
with young trees, where the variation coefϐicient 
showed higher dynamics in trunk geometry as 
Based on the BFTA Method, the present paper 
assessed the possibility to predict the age of 
plum trees in relation to the values of the fractal 
dimensions obtained from the fractal analysis of 
the bark.
In the interval represented by age groups from 
10 to 40 years old, the prediction as possible with 
medium certainty degree (R2 = 0.739; p<0.01), 
equation (7). When the interval was limited to the 
age groups from 20 to 40 years old, the degree 




where: - ages of trees in the interval 





Y = f(D)Interdependence relations
Safety parameters 
(R2 - maximal values;














Fractal Analysis Safety assessment Prediction
Fig. 3. Bark Fractal Tree Age Method for predicting the age of trees in relation to D






Mean error RMSE Mean error RMSE
40 1 0.8822 0 0.3865
35 1 1.5182 0 0.7409
30 2 1.7824 1 1.4578
25 4 3.8724 1 1.3441
20 4 4.3624 0 1.6363
10 7 7.0461 - -
SALA et al
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Based on their studies, Fiel and Sablatnig, 
(2011) proposed a method of automatic 
identiϐication of tree species based on images of 
their trunk bark, leaves and needles. They created 
a database with 1182 images in 11 tree classes. In 
comparison with the accuracy of tree recognition 
based on bark images (9 images per class and 99 
images in total) made 56.6% by a biologist and 
77.8% by a forest ranger, the proposed method (a 
Support Vector Machine with radial basis function 
(RBF) kernel) made it possible to identify trees 
with 64.2% and 69.7% accuracy for training sets 
with 15 and 30 images per class (where available).
Sulc and Matas (2013) proposed a novel 
method for tree bark identiϐication by Support 
Vector Machines (SVM) classiϐication of feature-
mapped multi-scale descriptors formed by 
concatenated histograms of Local Binary Patterns 
(LBPs). Using the standard 15 training examples 
per class, the proposed method achieves a 
recognition rate of 82.5% and signiϐicantly 
outperforms both the state-of-the-art automatic 
recognition rate of 64.2% and human experts with 
recognition rates of 56.6% and 77.8%.
PCA analysis of experimental data on the 
fractal dimensions of the geometric structure of 
tree trunks and their age facilitated a classiϐication 
of variants in relation to the two parameters, 
Figure 4. The two extreme age classes (10 and 
50 respectively) were placed on independent 
well. The more stable trunk geometry of older 
trees facilitated high certainty in predicting the 
age, equation (8), with RMSE values being lowest 
in 35 to 40 years old groups.  
For high degree of certainty in predicting 
the age of trees, the BFTA Method involves an 
analysis of fractal properties (D) correlated with 
the age of trees for every species and variety, on 
a large number of individuals (trees). In addition, 
studying subclasses of individuals within the same 
species/variety (in relation to the exploitation 
system, technology, etc, factors that can generate 
particularities of the geometric structure of bark for 
different age categories) is necessary for obtaining 
prediction models with high degree of certainty.
Trunk bark was studied through imaging 
and fractal methods in other studies, which 
aimed at developing models and methods for the 
identiϐication of trees based on the geometric 
properties of their bark. Huang et al. (2006) 
communicated the results of their studies on 
bark classiϐication based on textural features 
using Artiϐicial Neural Networks (ANN). They 
investigated the relation between Artiϐicial Neural 
Network (ANN) topologies and bark classiϐication 
accuracy. The experimental results they obtained 
show that this new approach can automatically 
identify plant categories and the classiϐication 
accuracy of the new method is better than that of 






































































Fig. 4. PCA analysis; variant distribution in relation 
to the age of the trees and the fractal dimension
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CONCLUSIONS
Fractal analysis focused on the variation in 
trunk bark geometry of plum, Gras variety, in 
relation to the ages of trees. A second degree 
polynomial function described the dependence 
relation between fractal values (D) and the ages 
of trees, with high degree of signiϐicance and 
certainty.
Based on the fractal values of bark geometry, 
it was possible to predict with high certainty 
the ages of trees. Based on prediction errors 
calculated and on the RMSE parameter, prediction 
of the ages of trees based on fractal values (D) had 
high certainty degree for older age groups (35 
to 50 years) than younger age groups within the 
interval under study.
The Bark Fractal Tree Age (BFTA) Method 
proposed facilitates the development of 
applications for assessment and prediction the 
age of trees and shrubs through non-destructive 
methods based on fractal analysis. In the case of 
cultivated fruit trees, the analysis differentiated on 
species, varieties and technological particularities 
is required for increasing the certainty degree of 
the analysis and prediction.
positions. The other variants were grouped in two 
groups based on afϐinities: one group made of age 
classes 20-25-30 and the other composed of age 
classes 35-40.
Multivariate analysis facilitated the orientation 
and grouping of variants based on Euclidian 
distances in two large clusters, in relation to the 
age of trees and the values of the corresponding 
fractal dimensions (D). One cluster included the 
variants in the age groups from 10 to 30 years, 
and the second included the variants in the age 
groups from 35 to 50 years, Figure 5. Dendrogram 
segmentation allowed a ϐiner analysis in what 
the positioning of variants is concerned. Thus, it 
became clear that the variants from extreme ages, 
the youngest (10 years) and oldest (50 years) 
were placed separately. The other variants were 
grouped based on afϐinity: a subcluster including 
the variants from age groups 20, 25 and 30 years 
old, with similar values of fractal dimensions, 
and a second subcluster, containing the variants 
from groups 30 and 40 years old. According to the 
cophenetic coefϐicient with the value 0.766, the 
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Fig. 5. Dendrogram obtained by cluster analysis ]
on the initial data (fractal dimension and age groupe).
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